Various psychiatric symptoms are often accompanied by impairments in decision-making. Given the high comorbidity of psychiatric disorders, symptoms that specifically couple with the impairment remain unidentified. The computations involved in decision-making that mediate the coupling are also elusive. Here, we conducted an online experiment with healthy individuals (n=939), participating in a decision-making task and completing questionnaires about psychiatric symptoms.
effects of the choice trace indicate that an individual is likely to choose options that have not been chosen previously for a while. The preference for the previously unchosen options can be thought to reflect uncertainty-driven exploration, as values of the unchosen options are evidently uncertain.
To examine these effects, we employed a generalised linear mixed-effect model (GLMM) analysis. The regression model used in this study allows us to test for how participants' behaviour was affected by past rewards and past choices (i.e., the main effects) [38] [39] [40] , and how these main effects were mediated by the psychiatric factors (i.e., the interaction effects) 26 , while controlling for age, gender and education level. We first examined the main effects of reward and choice history on the behaviour, independent of the psychiatric factors. We found a positive impact of reward history (P < 0.01; Fig. 3a ), consistent with the prediction of reinforcement learning account. Furthermore, the effect of choice history on the behaviour was found to be significantly negative (P < 0.01; Fig. 3a ), suggesting that participants' choice pattern was at least in part governed by uncertain-driven exploration.
We next examined the interaction effects i.e., how the effects of past rewards and choices on the behaviour are modulated by the first psychiatric factor (P-F1), mainly associated with obsessive-compulsive traits. Both the reward and the choice of history effects were found to be attenuated by P-F1 (Fig. 3b) . Specifically, the regression coefficient of the interaction term between the reward history and P-F1 was significantly negative (P < 0.01; Fig. 3b, left) , indicating that the positive effect of past rewards on the behaviour was inhibited by P-F1. Moreover, the regression coefficient of the interaction term between the choice history and P-F1 was positive (P < 0.01; Fig. 3b, left) , indicating that the negative effect of past choices was inhibited by the psychiatric factor. On the other hand, we found less robust interaction effects between the reward/choice history and the second psychiatric factor (P-F2) associated with depression and anxiety (Fig. 3b, right) . These findings are consistent with the notion that the obsessive-compulsive traits diminish reward-driven behaviour and preference for previously unchosen options (i.e., the negative effect of the choice trace), which can be related to uncertainty-driven exploration in decision-making.
Psychiatric symptoms and decision-making processes: a model-based analysis
In the previous model-neutral regression analysis, we have shown that the effects of past rewards and past choices were inhibited by the first psychiatric factors (P-F1) mainly associated with obsessive-compulsive traits. To further specify what computational processes underlie the behavioural pattern, we fitted a family of formal computational models to the participants' behaviour and then correlated the best model's parameters with P-F1 (see Methods and Table 1 for details about the computational models).
The first model is a conventional reinforcement learning model (RL1a), known as Q-learning. In this model, as shown in the above regression analysis, choices that lead to reward delivery are reinforced (Fig. 3a) i.e., the value of the chosen option is updated by reward prediction error and the updated value guides the individual's next choice. Importantly, this model has two parameters. One is the learning rate which governs how much value is updated in proportion to the reward prediction error. The other is inversetemperature which governs the sensitivity of the choice to option values (i.e., choice stochasticity). Note that the higher value of the inverse-temperature means that the individual is more likely to choose options with a higher value, while lower inversetemperature means the individual's decisions are more random. In other words, the parameter controls the degree of random-exploration. In addition, following previous studies [41] [42] [43] [44] , we consider another model including forgetting of values of unchosen options (RL1b), known to provide a better account of organisms' behaviours and tonic/phasic activity of dopamine neurons.
Given the results that participants' behaviour is driven not only by past rewards but also by their past choices ( Fig. 3a ), in the second class of reinforcement learning models (RL2a and RL2b), we assumed that an individual takes into account "choice trace" in their decision-making (note: RL2a and RL2b differ in whether forgetting of unchosen value is included or not). Here, a critical parameter, called choice-trace weight, determines how much past choices affect the individual's current behaviour. Specifically, individuals with a positive choice-trace weight are likely to repeat the choice they recently selected. On the other hand, individuals with negative choice-trace weight tend to avoid an option recently chosen, which can be interpreted as uncertainty-driven exploration. Notably, it is observed that the choice-trace effects are often confounded with the effects of differential (asymmetric) learning rates for positive and negative reward prediction errors 45, 46 . We, therefore, constructed another class of models (RL3a and 3b) which introduce asymmetric learning rates instead of the choice-trace effect.
In this study, we evaluated the competing models' goodness of fit by using Bayesian Model Selection 47 , where a higher exceedance probability closer to one indicates a better fit. Notably, before applying these models to the actual participants' data, we confirmed, based on simulated data, that the competing models are identifiable given the current experimental settings 48 (see "confusion matrix" in Fig. S2a ). This means that each of these models captures unique behavioural patterns.
The Bayesian model selection revealed that a model including choice-trace weight (RL2b) provided a better fit compared to the alternative models ( Fig. 4a and Table 1 ).
Exceedance probability 47 of the best model, RL2b, was almost one. To further validate the model fitting result, we generated simulation data based on the best-fitted model and the parameters 48 . In the simulated data, we confirmed that the parameter estimates can be successfully recovered by the model fitting ( Fig. S2b ) and that the results of the modelneutral regression analysis can be replicated ( Fig. S2c) , implying that the model and the parameters reliably capture meaningful computational processes 48 . In sum, consistent with the results of the regression-based analyses, the model-based analysis shows that participants' behaviour was guided by past rewards as well as past choices.
We then aimed to relate the model's decision parameters to the psychiatric factors.
We first extracted the decision-related dimensions underlying the five parameters in the best-fitted model (Fig. 4b) . A factor analysis revealed two decision factors. The first one (D-F1) is characterised by a higher negative loading of choice-trace weight and positive loading of inverse-temperature ( Fig. 4c, top) . The second one (D-F2) is characterised by moderate positive loading of learning rate (Fig. 4c, bottom) . By regressing the two decision factors (D-F1 and D-F2) against the first psychiatric factor (P-F1) mainly associated with obsessivecompulsive traits, we found that D-F1 had a significantly negative association with P-F1 (P < 0.01; Fig. 4d , left), while D-F2 did not (P > 0.05; Fig. 4d , left). Notably, in this regression analysis, potentially confounding effects of age, gender, education level and the other psychiatric factor (P-F2) were controlled. On the other hand, neither D-F1 nor D-F2 was significantly correlated with the P-F2 (Ps > 0.05; Fig. 4d, right) . Given that the higher inverse-temperature corresponds to a lower choice stochasticity (i.e., a lower degree of random exploration) and that negatively higher choice-trace weight can reflect a higher degree of uncertainty-driven exploration, the negative relationship between D-F1 and P-F1 implies that higher obsessive-compulsive traits are associated with particular decisionmaking strategies i.e., a higher degree of random-exploration and a lower degree of uncertainty-driven exploration.
Relationship among psychiatric symptoms, decision-making strategies and task performance: a mediation analysis
So far, we have shown that the overall task performance was negatively coupled with the psychiatric factor (P-F1) mainly associated with obsessive-compulsive traits and that P-F1 was negatively correlated with the decision factor (D-F1) that governs choice stochasticity and choice-trace weight (possibly reflecting random and uncertainty-driven exploration strategies respectively). We further tested whether the negative coupling between P-F1 and the task performance was mediated by D-F1. A formal mediation analysis 49,50 revealed a significant mediation effect of D-F1 (P < 0.01; Fig. 4e ), after controlling for effects of age, gender, education level, the other psychiatric factor (P-F2), and the other decision-factor (D-F2). These findings together are consistent with the idea that obsessive-compulsive traits impair the overall performance of decision-making through the change of computational processes that can govern random and uncertainty-driven exploration strategies.
Finally, in order to clarify the role of the psychiatric factor (P-F1) beyond the mere total score of Obsessive-Compulsive Inventory (OCI) 51 , we conducted the above mediation analysis with the total score of OCI instead of P-F1. Although coupling between the OCI score and the task performance remained significant (P < 0.01; Fig. S3b ), we found no significant evidence for the association between the OCI score and the decision factor (D-F1) (P > 0.05; Fig. S3b ). Moreover, the mediation effect of D-F1 on the coupling between the OCI score and the task performance was found to be insignificant (P > 0.05; Fig. S3b ).
These findings could imply the importance of the trans-diagnostic approach in computational psychiatry 26 .
Discussion
The present study provides a mechanistic account of how psychiatric symptoms are related to impairments in value-based decision-making, by using a large-scale online behavioural experiment with healthy participants. Combining computational modelling with factor and mediation analyses, we found that there are at least two dimensions underlying multiple psychiatric symptoms and that one dimension, mainly associated with obsessivecompulsive traits, is negatively correlated with the decision-making task performance. We also found that the negative correlation is mediated by individual differences in choice stochasticity (i.e., random exploration) and propensity to choose options previously unchosen, which may reflect uncertainty-driven exploration. The present findings go beyond the results from other computational psychiatry studies in that we revealed the tripartite relationship among a particular dimension of psychiatric symptoms, specific computational processes in value-based decision-making, and overall task performance.
Based on the large-scale online questionnaire data collected from healthy participants, we have identified at least two dimensions underlying psychiatric symptoms.
The first one is mainly associated with obsessive-compulsive traits, while the second one is mainly associated with depressive and anxious traits. This finding was replicated in our independent sample and was broadly consistent with a large-scale longitudinal face-to-face survey on mental disorders involving healthy and patient populations 31 . The face-to-face survey study suggests that common mental disorder in adults can be characterised by three factors: externalising disorder (expressing alcohol, cannabis, and drug disorder), internalising disorder (expressing major depression and anxiety disorder) and thought disorder (expressing obsessive-compulsive disorder and schizophrenia). The first and second psychiatric dimensions, that we identified, would correspond to thought disorder and internalising disorder, respectively. Our findings together with the previous survey result have implications in studies of obsessive-compulsive disorder. One of the important open questions in this field is to what extent obsessive-compulsive disorder is caused by elevated anxiety 52 . Some researchers believe compulsive behaviour is elicited by the motivation to reduce anxiety, while obsessive-compulsive and anxiety-related disorders are classified in different categories in DSM5 (5th edition of Diagnostic and Statistical Manual of Mental Disorders) 53 . Our finding is consistent with the possibility that obsessive-compulsive disorder is basically a dissociable psychological process from anxiety, although further studies are required in order to collect more promising evidence.
More broadly, the replicability of our questionnaire data and its consistency with the face-to-face survey involving the patient population validates the use of online experimentation with healthy participants. In mental disorders comorbidity rate is known to be high 31, 32 , and correspondence between categorical diagnosis of mental disorder and psychological processes seems to be not one-to-one i.e., multifinality and equifinality 33, 34 .
The high comorbidity, multifinality and equifinality make it difficult to examine the relationship between particular psychiatric symptoms and impairment of decision-making, thereby requiring careful control for confounding effects of the other symptoms. Of note, control for the confounds is virtually difficult in typical studies with a small sample size, where tens of patients and healthy participants are recruited for the comparison of decision-making performance. The rigorous comparison between participants usually requires hundreds of participants with various psychiatric symptoms. To overcome the difficulty, online experiments with healthy participants is emerging as a popular tool in psychology 54 and psychiatry 35 . The present study supports the utility of online experiments for the investigation of psychological mechanisms underlying mental disorders.
Comparison between the two psychiatric dimensions and overall performance of the decision-making task revealed that the first dimension (with high loading from obsessivecompulsive traits), but not the second dimension (with high loading from depressive and anxious traits), is negatively correlated with the task performance. It is worth noting that the first psychiatric dimension contains components not only from obsessive-compulsive traits but also from other psychiatric symptoms. The dimension is therefore not obsessivecompulsive traits itself, but one-dimension consisting of various psychiatric symptoms.
Previous studies have reported that impairment of decision-making was accompanied by various psychiatric symptoms such as obsessive-compulsive disorder 20,21 , depression 12 , anxiety 32 , and schizophrenia 26 . One interpretation of these mixed reports is that all the symptoms are most likely related to decision-making. The other possible interpretation is that there are hidden dimensions underlying the multiple symptoms and that only one of them is essentially coupled with impairments of decision-making. It was, however, difficult to tease out the two interpretations, given the high comorbidity of psychiatric symptoms, the small sample size, and the lack of control analysis for confound effects of other symptoms.
The present study may support the latter interpretation, based on the large-scale online experiment with decision-making task and multiple questionnaires about many psychiatric symptoms, i.e., one dimension of the psychiatric symptoms consisting mainly of obsessivecompulsive traits are coupled with impairments of decision-making.
We also demonstrated that the first psychiatric dimension (mainly associated with obsessive-compulsive traits) is negatively associated with the lower degree of choice stochasticity and the higher propensity to choose options previously unchosen. The choice stochasticity is often related to a random exploration 9, 11 . Moreover, the choice preference for recently unchosen options can be thought to reflect uncertainty-driven exploration, as options that have not been chosen previously for a while are evidently uncertain about their values 9 . Taken together, our findings are consistent with the view that psychiatric symptoms mainly associated with obsessive-compulsive traits are linked to different types of exploration (i. e. a higher degree of random exploration and a lower degree of uncertaintydriven exploration).
We believe our findings could have implications for understanding the psychological mechanisms underlying the obsessive-compulsive disorder. Core symptoms of the obsessive-compulsive disorder are generally characterised by compulsive rituals such as repetitive adverse (e.g., excessive hand-washing) and obsessive checking behaviours (e.g., endless rechecking if the door is locked). Our findings of the association between obsessive-compulsive traits and the decrease in the propensity to choose options previously unchosen may suggest a novel and parsimonious psychological mechanism underlying the obsessive-compulsive disorder. That is, whereas typical people tend to choose an option that has not been chosen previously in order to resolve the uncertainty (i.e., uncertaintydriven exploration), people with higher obsessive-compulsive traits tend to keep choosing the same option even though its value is no longer uncertain. In other words, failure to utilise the information about uncertainty or decline of the motivation to reduce uncertainty could be a promising and parsimonious account for the core symptoms in obsessive-compulsive disorder. Interestingly, this account is broadly consistent with the recent study 55 , suggesting that patients with obsessive-compulsive disorder correctly estimate confidence or uncertainty of their belief about the environmental state but fail to utilise the knowledge to appropriately update their belief. This account is also broadly coherent with the long-lasting hypothesis about the endophenotype of obsessive-compulsive disorder that patients of the disorder lose the cognitive flexibility (e.g., response inhibition) observed in classical experimental tasks such as Reversal Learning Task and Go/NoGo Task 52, 56, 57 . Furthermore, it is worth noting that our proposed account is not mutually exclusive with another influential account of obsessive-compulsive disorder where the contribution of a flexible model-based reinforcement learning to the decision-making is reduced 25, 26 . An interesting avenue for future research would be to uncover a relationship between declines of uncertainty-driven behaviours and model-based reinforcement learning with respect to obsessive-compulsive traits.
Exploration strategies have been demonstrated to be linked not only to obsessivecompulsive disorder but also with other mental disorders. For example, one study reported that uncertainty-driven exploration is reduced in patients with schizophrenia 29 . Furthermore, in healthy participants, depressive traits have been found to correlate with the degree of random exploration 28 . A possible account that can unify these divergent findings would be that the exploration strategies are related to one dimension of psychiatric symptoms that we found in the present study. This was associated mainly with obsessive-compulsive traits as well as with depressive and schizotypal traits to some degree. Given the sparsity of studies on this issue, more evidence is needed for a comprehensive understanding of the relationship between exploration strategies and mental disorders.
Finally, a formal mediation analysis revealed that the negative coupling between one dimension of psychiatric symptoms (mainly associated with obsessive-compulsive traits) and overall performance of decision-making is mediated by a computational process that can govern choice stochasticity and preference for previously unchosen options, which can be related to random and uncertainty-driven exploration strategies, respectively. Various psychiatric symptoms are known to be accompanied by impairments in the overall performance of decision-making, and recent studies in computational psychiatry have begun to elucidate a correspondence between psychiatric symptoms and specific computational processes in decision-making 20,21 . However, surprisingly few studies to date have examined the tripartite relationship among particular psychiatric symptoms, the overall performance of decision-making, and specific computational processes carried out in the brain. The present study goes beyond the previous computational psychiatry studies by providing an overview of the tripartite relationship.
One caveat of this study would be that the conclusion could depend on the decision-making task used. For example, exploration strategies could not play a pivotal role in stable environments such as multi-armed bandit task with constant reward probabilities.
Furthermore, in environments with changing volatility, different computations underlying decision-making and learning might play an essential role 58, 59 . Another caveat is that, while we relate choice stochasticity and preference for previously unchosen options to random and uncertainty-driven exploration strategies respectively, more sophisticated experimental tasks are required for in-depth examinations of the nature of the exploration strategies 8, 10, 12, 60 . Furthermore, while we have shown the correlation between one dimension of psychiatric symptoms and particular computational processes in decision-making, we have left open the question as to how these two are causally related. That is, psychiatric symptoms can cause changes in computational processes or vice versa. An interesting future direction would be to conduct intervention studies in order to further examine the causal relationship.
To conclude, by combining a large-scale online experiment with model-based data analysis, we propose a mechanistic account of how negative coupling between psychiatric symptoms and decision-making performance is mediated by hidden computational processes carried out in our brain. Computational processes that govern exploration strategies may mediate the negative coupling. By untangling interdependent relationships among psychiatric symptoms, psychological/computational processes and overall decisionmaking performance, the present study provides an important scaffold for a comprehensive understanding of computational principles of information processing in patients with mental a disorder.
Experiment. In our online experiment, participants performed a reward-seeking decisionmaking task (a conventional three-armed bandit task) and then answered questionnaires about psychiatric symptoms as well as their socio-economic status. Prior to the main test session, participants completed a practice session of the decision-making task (50 trials).
In the decision-making task, participants chose among the three options repeatedly (Fig.   1a ), corresponding to 500 trials (they had a one-minute break every 100 trials). In each of the 500 trials, they received a reward (100 Japanese yen or 0 yen) depending on the probability assigned to the chosen option. As the reward probability for each option was unknown to the participants and changed dynamically across trials (Fig. 1b) , they were required to keep track of the probabilities over the course of the experimental task to maximise their reward earnings. Prior to the experiment, they were told that "the reward probabilities may change during the task". Notably, all the participants were confronted with the same reward probabilities, so that we could exclude the possibility that differences in the changing pattern of reward probabilities can account for any individual differences in the participants' behaviour.
At the beginning of each trial, participants were asked to make a choice among the three options by clicking one of the fractal stimuli within 6 s (Decision phase; Fig. 1a ). In this task, the three options (green, red and blue) were positioned to the left, middle and right of the screen respectively in every trial. After making a response, the chosen option was highlighted by a yellow frame (Confirmation phase, 1 s), and then an outcome of the choice (100 yen or 0 yen) was revealed to the participants (Feedback phase, 1.5 s). If no response was made in the decision phase, the remaining phases were skipped, and the participants moved to the next trial. During this task, participants failed to make a response only in 0.87 ± 1.75% of trials (mean ± SD).
After the decision-making task, participants were asked to answer the Japanese versions of the following questionnaires: Schizotypal Personality Questionnaire Brief 62,63 , Obsessive-Compulsive Inventory 51 , Self-Rating Depression Scale 64 , State-Trait Anxiety Inventory 65 , Barratt Impulsivity Scale 66 , and Socioeconomic status 67 . We presented these questionnaires in the order above to all the participants, to ensure that any individual differences in the selfreported psychiatric symptoms cannot be attributed to any potential order-effects. Notably, to identify participants who were not serious about the questionnaires, we added one catch question, "If you have carefully read the questions so far, please select 'a little' as your answer", to Obsessive-Compulsive Inventory (see also Exclusion Criteria of the Participants).
Reward Payment. In addition to a participation fee of 500 Japanese yen, participants obtained an extra reward depending on their performance in the decision-making task.
Amount of the performance-based reward was determined as follows: at the end of the experiment, the computer randomly selected one trial, and the outcome of the trial was implemented. That is if the participant received a reward in that trial they obtained 100 yen.
Importantly, since participants did not know which a trial would be selected for the monetary reward, they should have treated every trial as if it were actually being implemented. The reward they earned was paid by a coupon which could be used in popular Japanese online stores including Amazon Japan (https://www.amazon.co.jp/) and Rakuten Ichiba (https://www.rakuten.co.jp/).
Data Analysis.
The data were basically analysed by using MATLAB R2018b on iMac (Retina 5K, 27-inch, 2019; Mac OS X 10.14.4).
Factor analysis on the questionnaire data.
We conducted a factor analysis on the participants' responses to 160 individual items in the six questionnaires. As responses to the individual items are categorical, the factor analysis was performed on the Polychoric correlation matrix (Fig. 1d ). The number of factors, two, was determined by a prior hypothesis based on the large-scale longitudinal face-to-face survey on healthy and patient populations 31 . This large-scale face-to-face survey 31 suggests that common mental disorders in adults can be characterised by three factors: externalising disorder (expressing alcohol, cannabis, and drug disorder), internalising disorder (expressing major depression and anxiety disorder) and thought disorder (expressing obsessive-compulsive disorder and schizophrenia). Given that psychiatric symptoms measured in our questionnaires (e.g., schizotypal traits, obsessive-compulsive traits, anxious traits, and depressive traits) would perhaps correspond to the two factors in the survey (thought disorder and internalising disorder), we hypothesised that there would exist two factors underlying our questionnaire data. Consistent with this hypothesis, the scree-plot derived from the Polychoric correlation matrix indicated that slopes of the eigen-values were less steep at the 3 rd and latter factors (Fig. S1b) , implying that retainment of additional factors yields little benefit. The resulting pattern of the factor loadings ( Fig. 1e ) is found to be consistent with the large-scale face-to-face survey 31 . Moreover, it is worth noting that the pattern of the factor loadings does not change even if we assume there exist three (rather two) factors underlying the symptoms (Fig. S1c) . Given the number of factors, the factor loadings were estimated by the Maximum likelihood method, and Varimax rotation was applied. We then estimated factor scores for each participant by using Bartlett algorithm. In this study, we employed an orthogonal rotation method, Varimax rotation, as we aimed to serve the estimated factor scores as mutually dissociable exploratory variables in linear regression analyses. As polychoric correlation is not implemented in MATLAB, the analyses were performed by an R function (version 3.6.0), fa.
Psychiatric symptoms and overall task performance: linear regression analyses.
In order to examine the relationship between psychiatric symptoms and overall task performance, we conducted linear regression analyses. In other words, we regressed the two psychiatric factor scores (F1 and F2), identified by the factor analysis, against the task performance (P): P ~ 1 + F1 + F2, where the regression model is specified by Wilkinson notation (mainly used in R and MATLAB). Statistical significance of the regression coefficients was tested with Bonferroni multiple-comparison correction by the number of explanatory variables of interest (i.e., two: F1 and F2). In the first analysis, the task performance was defined as the participant's proportion of the optimal choice (i.e., choice of the option that had the highest reward probability), while in the second analysis the performance was defined as the proportion of trials rewarded. Furthermore, in the additional analyses, we incorporated the participants' age, gender (coded as male: 1; female: 2) and education-level (coded as a junior high school diploma: 1; high school diploma: 2; technical school diploma: 3; vocational school diploma: 4; associate degree (community college diploma): 5; bachelor's degree: 6; and a master's or doctorate degree: 7) as variables of nointerest. Note that all the variables were z-normalised and fed into the regression analyses.
Psychiatric symptoms and decision-making processes: model-neutral regression analysis.
In order to examine how past rewards and choices affect the participant's current behaviour and how these effects are modulated by the psychiatric factors, we conducted a Generalised Linear Mixed Model (GLMM) analysis by using a MATLAB R2018b function, fitglme, with the restricted maximum pseudo-likelihood estimation. Following the previous studies using three-armed bandit task 39, 68 , we performed three separate logistic regression models, one for each choice option (X, Y and Z).
For one option X, the GLMM was defined as follows (in the Wilkinson notation):
where #$% and #$% denote recent past rewards and recent past choices respectively (trials t-1, t-2, t-3, and t-4) , and F1 and F2 represent the two psychiatric factors. As in the previous studies 39, 68 . The total effect of past choices and its variance, as well as the total interaction effects and their variances, can be derived in the same way.
The GLMMs for the other two options, Y and Z, were defined in the same manner, providing the total effects of past rewards, past choices and their interactions with the psychiatric factors. The mean effect of past rewards over the three models can be then derived by the variance-weighted mean 69 :
, where subscripts denote each of the three models. The variance of the mean is given by 69 ). Based on the mean effect and its variance (standard deviation), we tested the statistical significance of the effect by using two-tailed t-test with Bonferroni multiplecomparison correction (see the legends of Fig. 3 ). The same procedure was applied to the statistical tests for the effect of past choices and the effects of the interactions with the psychiatric factors.
Psychiatric symptoms and decision-making processes: a model-based analysis.
To quantitatively capture the computational process underlying decision-making and its relationship with psychiatric symptoms, we constructed computational models and fitted them to the participants' choice behaviours in the decision-making task (see Table 1 ).
RL1a. The first model is a conventional reinforcement learning model, called Q-learning 7 . In this model, on each trial, an agent makes a choice depending on the value of each option.
That is, choice probability of an option X is given by
where Q denotes option values and the parameter, ∈ [0, ∞), governs the degree of stochasticity in the choices (called inverse-temperature) 7 . Once a choice is made and the reward outcome is revealed, they update the value of the chosen option (i.e., learning).
Suppose an option X is chosen, and then the value of the option X is updated as follows:
where R denotes reward outcome (coded 1 for the reward, and 0 for no reward) and the parameter, ∈ [0,1], is the learning rate 7 . In the initial trial of the experiment, options values are set at 0.5 (as the agent seems to have no knowledge about the reward probabilities).
The other models below are variants of the conventional reinforcement learning model (i.e., RL1a). That is, the value of each option is learned through experience and governs the decision-making.
RL1b. This model is almost the same as RL1a but includes "forgetting". That is, values of the unchosen options are forgotten (i.e., decayed with time) [41] [42] [43] [44] . In other words, on each trial, an agent updates not only the value of the chosen option but also values of the unchosen options. Specifically, values of the unchosen options, say Y and Z, are updated as follows:
where Y ∈ [0,1] denotes the forgetting rate. Note that the value of the chosen option is also updated as in RL1a.
RL2a. In this model, an agent takes into account her own choice-trace in the decisionmaking. Choice-trace of each option, which quantifies how often the option was chosen recently, is updated by the following rule: RL3a. This model has differential learning rates for rewarding and non-rewarding outcomes.
Namely, the value of the chosen option is updated as follows:
with that derived from randomly generated data. The Parallel analysis indicates that eigenvalues of the first and second factors in the actual data were greater than those in the random data, suggesting that there exist two underlying factors (Fig. S3a) . As in the factor analysis on the questionnaire data, given the number of factors (i.e., two), the factor loadings were estimated by Maximum likelihood method, Varimax rotation was applied, and then factor scores for each participant were estimated using Bartlett algorithm. Notably, as mentioned in the factor analysis on the questionnaire data, we employed an orthogonal rotation method, because we intended to serve the factor scores as mutually dissociable exploratory variables in linear regression analyses.
Relationship between decision-related factors and psychiatric factors.
We performed linear regression analyses, to examine the relationship between the two decision factors (say D-F1 and D-F2) and the two psychiatric factors (P-F1 and P-F2). In the first analysis, we regressed D-F1 and D-F2 against P-F1:
On the other hand, in
the second analysis, we tested for the regression model: P-F2 ~ 1 + D-F1 + D-F2. In these models, participants' age, gender, education level and the other psychiatric factor (P-F1 or P-F2) were included as variables of no-interest, and all the variables were z-normalised.
Finally, the statistical significance of the regression coefficients was tested with Bonferroni multiple-comparison correction by the number of explanatory variables of interest (see the legends of Fig. 4d ).
Relationship among psychiatric symptoms, decision-making strategies and task performance: a mediation analysis.
We conducted a mediation analysis to test whether the first decision factor (D-F1) mediates the negative coupling between the first psychiatric factor (P-F1) and the overall performance of decision-making task (proportion of the optimal choice). The analysis was performed by the Mediation and Moderation Toolbox 49, 50 , in which the significance of the mediation effect was tested by Bootstrap procedure with 10,000 samples and all the variables were znormalised. Here in this analysis, we included participants' age, gender, education level, the second psychiatric factor (P-F2) and the second decision factor (D-F2) as variables of nointerest. Fig. 1 : Experimental task and the questionnaire data (a) Illustration of the reward-seeking decision-making task (i.e., three-armed bandit task). On each trial, participants chose among the three options and received a reward depending on the probability assigned to the chosen option. (e) Mediation path diagram for the first psychiatric factor (P-F1), the first decision factor (D-F1) and the task performance (n = 939). The mean path coefficients (i.e., b values) are shown with SEM (in parentheses). Here, task performance is defined as the proportion of the optimal choice. The path a denotes influence of P-F1 on D-F1 (P = 0.005, Bootstrap test), while the path b depicts the influence of D-F1 on the task performance (P = 0.003, Bootstrap test). Importantly, the path ab indicates whether the coupling between P-F1 and the task performance was mediated by D-F1 (P = 0.006, Bootstrap test). The path c reflects the direct relationship between P-F1 and the task performance (P < 0.001, Bootstrap test), controlling for the mediation effect of D-F1. Please see the ref 49, 50 for details. **P < 0.01. (b) Scree-plot of the questionnaire data. We plot eigen values derived from the crosscorrelation matrix (Fig. 1c ). The inset shows the same data with the focus on factor 1 to 8.
Figures
(c) Loadings of the questionnaire items given the assumption that three factors underlie the psychiatric symptoms. Left, loadings in the first factor (P-F1); middle, loadings in the second factor (P-F2); and right, loadings in the third factor (P-F3).
(d) Replication of the factor analysis in an independent sample: cross-correlation matrix. The format is the same as in Fig. 1d .
(e) Replication of the factor analysis in an independent sample: scree-plot. The format is the same as in Fig. S1b .
(f) Replication of the factor analysis in an independent sample: loadings of the questionnaire items. The format is the same as in Fig. 1e . indicate a better fit) on the data generated by the corresponding model. For example, the first row depicts exceedance probabilities of the six models on the data generated by the first model (i.e., RL1a). The diagonal elements are found to be close to one, meaning that each of these models is identifiable by the model selection procedure.
(b) Parameter recovery analysis. We simulated the data based on the best-fitted model (i.e., RL2b) and the parameters, and then try to recover the parameter values by fitting the model to the simulated data. For each of the five decision parameters, the recovered parameter estimates are plotted against the original ones used in the simulation.
(c) Replication of the model-neutral regression analysis on the simulated data. Here, we checked whether the results described in Fig. 3 are successfully replicated on the simulated data. The format is the same as in Fig. 3 .
Fig. S3: Supplementary information about the computational model-based analyses
(a) Scree-plot of the decision parameters in the best-fitted model (RL2b). We plot eigen values derived from the cross-correlation matrix (Fig. 4b) in orange. The black dashed line and the shaded area denote the results of the parallel analysis: that is, eigen values derived from the random data (median, 5% and 95% quantiles).
(b) Mediation path diagram for the OCI score, the first decision factor (D-F1) and the task performance (n = 939). OCI, Obsessive-Compulsive Inventory. The format is the same as 
